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Abstract. Modeling the cross-country distribution of per capita using mixture analysis provides a natural
platform for the recovery or detection of clubs of countries. Unfortunately, these mixture methods, when
based on a strictly univariate approach are limiting towards one's ability to learn about the underlying
process of the emergence of the clubs. This paper takes a fresh look at the sources contributing to the
emergence of clubs in the distribution of cross-country output using bivariate and multivariate mixture
analysis.
1. Introduction
It is an understatement to suggest that development and macro economists alike are interested in all
aspects of the distribution of cross country income. This unwavering focus lies in the potential for learning
about the key contributors to economic growth and how they dictate future output paths. A key stylized fact
stemming from this line of research is the emergence of `twin peaks' in the distribution of per capita output
(Quah 1993a). This nding has generated further interest into the likely factors underlying this feature.
Uncovering the sources relating to both the appearance and persistence of the low income `club' (also known
as a development trap) of countries is thus doubly important if strategies are to be devised to obviate its
presence and mitigate future persistence.
One recently emergent avenue for exploring the underlying sources of the twin-peakedness of the distri-
bution of output has been to focus attention on the behavior of factors of accumulation and total factor
productivity (Johnson 2005, Feyrer 2008, Henderson, Parmeter & Russell 2008) to determine if potential
twin peaks in any of these variables underscores the twin-peaks witnessed for cross country output. Unfor-
tunately, this stepwise investigation is limited because it only provides suggestive evidence that bimodality
in the distribution of human capital accumulation, say, is the source of output's twin peaks. Without ac-
counting jointly for any of these underlying factors and output the conclusions which one may draw are
trammeled.
Date: December 14, 2011.
Key words and phrases. Convergence and Orientation and Mixture densities.
Michele Battisti, Department of Studies on Law, Politics and Society, University of Palermo, Piazza Bologni 8, 90134 Palermo,
Italy. Christopher F. Parmeter, Department of Economics, University of Miami, Coral Gables, FL 33146. The research on
this project has beneted from the comments of Oded Galor, Daniel Henderson, Paul Johnson, Mario Lavezzi and Thanasis
Stengos.
1An alternative approach is to use regression based clustering where the factors of accumulation (typi-
cally the Solowian variables) are accounted for within the conditional mean (Alf o, Trovato & Waldmann
2008, Paap, Franses & Van Djik 2005, Battisti & Di Vaio 2008, Owen, Videras & Davis 2009). Recalling
the warnings of Quah (1993a, 1993b) we note that focusing on the conditional mean (to discuss polar-
ization/convergence) is restrictive since the entire movement of the distribution is what is important to
document instead of several low order moments. Moreover, causation in this setup is concerning since failing
to account for endogeneity is likely to draw into question the emerging clusters. For example, using years of
schooling as a proxy for human capital will likely induce endogeneity biases (Bils & Klenow 2000).
This is not to suggest that the aforementioned approaches are not valuable or without merit. Rather, the
discussion is intended to draw out the key diculties with explaining the sources underscoring the presence of
the `poor' club. More interesting is that recent work has also documented the presence of more than just two
groups which exist in the distribution of cross country output. For example, Pittau, Zelli & Johnson (2010)
nd three groups using the most up-to-date density mixture methods available. However, their research again
is singular in nature, decomposing the cross country distribution of output, irrespective of productivity and
factors of accumulation, into its respective `clubs'. However, as we will further stress throughout the paper,
modeling jointly cross country output along with factors of accumulation and productivity is important to
glean information regarding what exactly constitutes a club.
The work presented here marks a stark dierence with the extant literature focusing on the emergence of
clubs in the cross country distribution of per capita output. We elect to consider how our understanding of
the sources underscoring the appearance of these `clubs' changes as we progress from a traditional univariate
mixture analysis to bivariate and multivariate mixture analysis, jointly accounting for cross country output
as well as productivity and factor accumulation. This approach can be seen as a generalization of Pittau
et al. (2010) through the incorporation of potential sources for the twin peaks of Quah. Moreover, as noted
by Pittau et al. (2010) the nding of numerous mixture components is not enough to claim the nding
of a club as what is most important is the transition between the mixtures recovered by the analysis. If
transitions are prevalent then the apparent polarization is not binding. The univariate analyses referenced
earlier are uniform in their nding of very little transitioning across clusters, consistent with the notion of
polarization.
This research can be viewed as a mixture between the insights of Pittau et al. (2010) on using mixture
methods and searching for transitions to identify clubs with the analyses of Johnson (2005), Feyrer (2008)
and Henderson et al. (2008) who seek to link the emergence of clubs with similar patterns in the Solowian
2determinants. Incidentally, the work of Bloom, Canning & Sevilla (2003) and Owen et al. (2009) marks an
interesting parallel. While they include the Solowian determinants of growth in their analysis, they do so
with an eye for uncovering heterogenous eects on average growth within a group. However, for our purposes
this type of empirical analysis is not illuminating.
We wish to describe the overall evolution of economic output along with the Solowian determinants
to uncover how these variables have jointly evolved over time, something the previous literature has not
adequately described to date. Thus, while it is believed that productivity accounts for a great majority of
the emergence of the twin-peaks (Feyrer 2008, Henderson et al. 2008), it is likely that this result is overstated
since it is considered independently of the evolution of both physical and human capital accumulation over
time. For example, even if the distribution of TFP can be decomposed into separate components, unless the
members of each component correspond to the members of the components underlying the decomposition of
output, it is dicult to understand how the two variables inuence one another. With a bivariate analysis
(or multivariate) this uncertainty can be remedied.
The insights obtained progressing from a univariate mixture density to a multivariate mixture density
show that there exists an increasing dispersion of cross country GDP over time (consistent with univariate
ndings). Additionally, we observe larger distances among clusters in our multivariate densities that contain
both output and the Solowian determinants. In this respect our multivariate results tend to highlight that
the `clubs' are becoming more segregated over time from one another. However, focusing on transitions
across clubs we see that the occurrence of migrating between clubs is higher than in conventional univariate
settings, though it is still small enough to believe that polarization is occurring.
More specically, we see that instead of the joint distribution progressing from a single club to the
appearance of several clubs toward the end of the century, our results show that the splitting process appears
to have occurred in two separate waves. The rst wave of separation in output (together with greater distance
amongst the multivariate clusters) in the 1970s is mainly characterized by greater dierences across countries
in both human and physical capital. The second wave of separation, occurring in the 1990s, is marked by an
increase in the number of groups across physical capital accumulation together with GDP (ending with four
clusters) while in the relationship between GDP and human capital there remain two groups. It appears
that the direct eect of TFP on the apparent polarization of income is muted with respect to either form of
capital accumulation. The joint polarization of TFP and GDP in our multivariate studies reveals a softer
separation than one would document in the univariate analysis.
3Finally, beyond the analysis of the number and of the distance between clubs in our multivariate mixture
approach, we also witness a more complex transition analysis than one is aorded in a univariate setting.
We measure the extent of polarization among clusters, by focusing on both relative changes in the means of
the component multivariate distributions' with respect to the mean of the overall variables over time as well
as the number of changes across components by individuals countries. In our approach we see that in 1970
the richest (in terms of GDP per capita) `club', composed of roughly one third of our sample (mainly OECD
countries), moved away from the central mass of the distribution. Starting from that point, the transitions
and the clusters' sizes changed with less intensity and we mainly observe that the individual components
become relatively distant. For example, we nd that the distance between the mean characteristics of the
richest club in the four-variate density with the overall mean levels of the four variables in 2000 is more then
double that of 1960. This type of result shows how focusing on the joint density can provide more dynamic
insights rather than narrower univariate approaches.
The remainder of the paper is structured as follows. Section 2 reviews the literature on the evolution of
the distribution of per capita income and the associated clubs that have emerged. Section 3 discusses both
the univariate and multivariate econometric clustering methods we will employ in this study. Our results
are presented in Section 4 while Section 5 highlights our ndings and oers suggestions for future work. An
appendix contains additional robustness results as well as more detailed documentation on the construction
of our data.
2. The Study of Income Divergence
One of the most debated and heavily studied issues in growth empirics concerns the presence of income
convergence among countries (e.g., Durlauf, Johnson & Temple 2005). Here researchers are interested in the
characterization of the distribution of income (or aspects thereof) and its behavior over time. Depending
upon the specic feature of the distribution that is studied, dierent classes of convergence are identied. In
general, no consensus exists on the `best' measure to claim convergence of cross-country incomes, although
measures that capture shape and location changes are informative.
More recently, attention has focused less on overall convergence of the countries of the world and more
on pockets of convergence or `clubs'. This stems from the inuential work of Durlauf & Johnson (1995) who
suggest that parameter heterogeneity is an important factor when thinking about cross-country convergence.
To assess convergence, either globally or as clubs, the empirical literature primarily relies on the notion of -
convergence (Barro 1991), which focuses attention on either the mean (absolute convergence) or conditional
4mean (conditional convergence) of the distribution of cross-country income. Since other aspects of the
distribution are important to detect the presence of convergence, both  and -convergence (Barro & Sala-
i-Martin 1991, Boyle & McCarthy 1997, respectively) were introduced as alternatives to -convergence
measures. These measures account for a decreasing spread and intra-distributional churning, respectively,
both of which can help to illuminate the potential for convergence in general.
To more aptly characterize the behavior of the entire distribution Quah (1993a, 1993b, 1996a, 1996b)
drew attention to a comprehensive approach to studying distribution dynamics which can capture additional
features of the underlying long run distribution, such as twin peakedness. None of the aforementioned
measures capture this important underlying issue.1
Focusing too sharply on conditional convergence measures can place too much attention on how a specic
moment of the distribution is evolving over time, drawing attention away from the overall evolution, which
may be seen as more important, especially if no country is near the overall `mean' position. One feature that
makes studying the joint process intriguing is that suitable `conditional' measures of higher order moments
convergence have yet to be established. For instance, Durlauf et al. (2005) note that it is dicult to think
of how one would construct a measure of conditional -convergence. By focusing attention on the overall
distribution of income and the Solowian determinants (or any set of covariates for that matter), we can more
aptly characterize the behavior over time in terms of mixtures and transitioning between mixtures.
Concentrating on the evolution of the income distribution through the use of mixture methods, Paap &
Van Dijk (1998), began what is now a burgeoning interest in these tools within the growth empirics commu-
nity. Mixture models are typically used to nd and analyze properties of unknown clusters of observations
(McLachlan & Peel 2000) and have been deployed in a wide array of settings ranging from biology and
medicine to marketing. A recent notable contribution of Pittau et al. (2010) assesses the characteristics of
the distribution of GDP per capita over 1960-2000 by comparing mixture models and nonparametric density
methods. The mixture approach is in stark contrast to the studies of Bianchi (1997) and Henderson et al.
(2008) who focus exclusively on modality of the entire distribution, which, as Pittau et al. (2010) note, is
neither necessary nor sucient to capture the underlying components of the mixture density necessary to
identify true clubs. In general it is dicult to distinguish if the apparent multimodality is representative of
some nonlinear characteristic of the same phenomenon or it relates to dierent parameters across the growth
processes.
1Classic theoretical contributions on this issue can be found in Azariadis & Drazen (1990), Galor (1996) and, in the context of
unied growth theory, Galor (2007).
5An extension of this univariate literature, is to allow covariates to inuence the conditional mean, known
as the mixture regression approach. Following this line of research, recent work includes Bloom et al. (2003),
Paap et al. (2005), Alf o et al. (2008), Battisti & Di Vaio (2008), Owen et al. (2009) and Di Vaio & Eno
(2011). This array of research has focused on both standard cross sectional estimation routines as well as
exploiting the panel dimension of the data. The common nding, aside from geographical and time period
dierences, is that growth processes are heterogeneous across groups of countries. Another common feature
of this strand of literature is that the number of clubs is typically found to be two regardless of the time
period under examination. We advocate, and will show that, in light of the insights of Quah (1996b) and
Henderson et al. (2008) the use of a xed number of groups is an assumption that is not completely conrmed
by the data, while the polarization that appeared after 1960 is better described by a changing number of
clubs, ranging from two to three.2
The approach advocated here uses similar mixture methods as those found in Pittau et al. (2010) (who
do not included covariates) and Bloom et al. (2003) and Owen et al. (2009) (who use covariates to model
the mean of the distribution). Given that the existing literature uses either pure univariate methods, or, in
the presence of covariates, have relied upon mixtures which focus on conditional moments it seems that a
multivariate approach introduces much needed generalizations. The univariate approach is unappealing as
no formal link can be made regarding the source of any splits in the distribution over time. Moreover, the
inclusion of covariates to then focus on a conditional mean falls under the same umbrella of criticism/scrutiny
levied by Quah. More succinctly, the two main approaches either display horizontal heterogeneity (clustering
based on covariates) or vertical heterogeneity (clustering over time) but not both. We seek to remedy this
through the use of multivariate mixture models.
3. Empirical Methods for Mixture Analysis
In order to distinguish from convergence across and within groups we may simply choose a priori groups,
for example OECD vs Non-OECD, or we may endogenize group membership. The construction of ad hoc
groupings of countries is unappealing as this may obscure underlying features of interest. Moreover, even with
suitable groupings, the mixture approach oers more exibility since it has the ability to encompass standard
user dened groupings. To avoid preliminary assumptions on membership, the mixture density approach
constructs the density of the ith observation as a weighted average of k dierent component densities given
2It is important to stress that this may be either a transitory or a permanent phenomenon. For instance the world income
distribution built by Bourguignon & Morrisson (2002) over 1820-2000 does not conrm that multimodality is a recent feature






Here  s is the probability that observation i belongs to group s. The parameters of the density can be
obtained by maximizing the log likelihood function. To operationalize the procedure it is common to assume

















where (s;s; s) are the specic segment parameters for the distribution of Y (given that the probabilities
sum to one, we have that one of the  i is a linear combination of the others, i.e., we have that  k =
1    1    2       k 1).
Two main implementation issues exist when conducting a mixture analysis. First, given that the probabili-
ties are unknown, a reliable solution for this problem is to treat the probabilities as missing data and maximize
the solution through the EM (expectation-maximization) algorithm (Dempster, Laird & Rubin 1977). More
specically we do not have priors on the initial membership probabilities so we need to select a starting
set of values to operationalize this procedure.3 Once these initial values have been supplied, we select the
mixture probabilities which deliver the highest value of the logarithm of the likelihood function. An addi-
tional complicating factor is the number of segments, which must be chosen a priori to operationalize the
procedure as well. The nite mixture approach does not ex poste identify the number of components, so we
have to choose a priori the number of segments and then test for the number of segments which is most
informative. The common approach to testing for the correct number of segments relies upon maximizing a
likelihood criteria such as the Bayesian Information Criterion (BIC); see Fraley & Raftery (2002).
A further generalization of this idea of clustering is to focus instead on the joint distribution. This
provides several interesting insights which classical mixture regression models may blur. First, in this
framework we see there are no questions of endogeneity because we model the joint distribution rather than
the conditional.4 Second, issues arising related to correct specication of the conditional mean (Maasoumi,
Racine & Stengos 2007, Henderson, Papageorgiou & Parmeter 2011) do not occur. Third, as opposed to the
work of Feyrer (2008) and Henderson et al. (2008), instead of searching for identical patterns in the factors of
3We repeat this process a large number of times (100 for our examples) to avoid locating in a local maxima.
4A side eect of this focus however is that we are limited in our ability to make causal statements.
7cross country output (human capital or total factor productivity say) with growth itself, we can now connect
clustering directly by searching for groups of countries based on all of the variables simultaneously.
To describe implementation of a multivariate cluster analysis, consider multivariate data X, which in our
example could represent GDP per capita and human capital. Now, the density of each of the n p-variate
observations, Xi, is (Symons 1981):











Here   is a k vector of the component weights, s is the mean vector for the sth component and s is
the variance-covariance matrix of the sth component. The components or clusters in both these models are
ellipsoidal, centered about their means. The parameters of the mixture density can be found by minimizing
the log-likelihood function.
The covariances s determine additional geometric features of each of the clusters which do not exist in a
univariate framework. Each covariance matrix is parameterized by an eigenvalue decomposition of the form
(5) s = sDsAsDT
s ;
where Ds is the orthogonal matrix of eigenvectors, As is a diagonal matrix whose elements are proportional
to the eigenvalues of s, and s is a scalar (Fraley & Raftery 2007). Ds gives the orientation of the sth
cluster, while s measures the volume occupied by the sth cluster and As marks the shape of the sth cluster.
We may specify the clusters to possess identical variance-covariance matrices.
Understanding the volume (wide/narrow), shape (ellipsoidal/spheric) and orientation (increasing/decreasing)
of the clusters of countries oers an array of possibilities to explore polarization. For instance, if we have two
clusters with dierent levels and dierent orientation among the variables across them, it indicates that not
only the means of the variables may dier among them, but also the covariance matrices. Imagine the (x;y)
plane with covariances between variables for two clusters (for instance low x, low y and high x, high y). If
the orientation is always positive with the same slope across clusters this implies that the only dierence
amongst the clusters is their position. That is, the clusters dier due to dierences in the mean levels of
8the variables and not from dierences arising from the covariance matrix. A bivariate mixture density with
human capital and GDP may have a positive orientation for one cluster that is smaller than the orientation
in the other cluster (see Baneld & Raftery 1993) implying dierent returns of one variable with respect to
the other one.
A further insight aorded from the multivariate perspective is that if we write the diagonal of As in
decreasing order f1s;2s;:::psg the number of js greater than 1 explain the number of relevant dimensions
for the cluster. So for 2s >> 1 and 3s << 1, we interpret this as two relevant dimensions for the sth cluster
and we can say that this cluster is concentrated about a two-dimensional plane in p-space (see Baneld &
Raftery 1993). In general, focusing on the elements of As allows us to determine which variables are important
(take up volume) within each cluster. This is an important aspect of multivariate clustering since one is
aorded the ability to determine which variables display clustering. As mentioned in the introduction, even
if TFP were to display two components, if the members did not correspond in some sense to the members
of the output components then it might turn out that investigating clustering of TFP and output jointly
would not display multiple components.
Two outstanding issues in detecting clusters in a multivariate setting exist (Fraley & Raftery 2002):
choice of criteria and computational limits. First, the BIC is generally perceived as an adequate criteria
for selecting the number of components (Fraley & Raftery 1998).5 Fraley & Raftery (2002) recently discuss
the computational scope of a multivariate cluster analysis. Their research suggests that a deciency in the
multivariate mixture normal setup is that the number of parameters per component grows proportional to
the square of the dimension of the data. This implies when the dimensionality of the data is high relative
to the total number of observations the variance-covariance matrices of the mixtures may be singular. An
appropriate dimension reduction strategy prior to cluster analysis may help to alleviate this criticism.
4. Results
4.1. Data. The data for our study constitute a sample of 74 countries that appear yearly in Penn World
Table 6.3 from 1960 to 2000 for whom we may tabulate both physical and human capital accumulation.
Human capital is constructed as years of schooling (which stem from Barro & Lee 2010), adjusted to account
for returns to schooling (Hall & Jones 1999), as in Feyrer (2008) and Henderson et al. (2008). TFP is
constructed as the remainder from a standard Cobb-Douglas decomposition of output using human and
5In a mixture regression context, Hawkins, Allen & Stromberg (2001) nd similar results.
9physical capital (see Feyrer 2008). For further details on the construction of our dataset see the appendix.
Moreover, a list of countries used in our analysis appears in Table 8.
4.2. Univariate Clustering Results. Focusing on univariate clustering in the distributions of both GDP
per worker and the traditional determinants encompassing the Solow model, our results in Table 1 reveal high
levels of clustering across all variables. The number of clusters is determined via the BIC. The number of
clusters in GDP per worker, according to the BIC, is two for the period 1960-1970 and three for 1980-2000.6
Focusing our attention rst on cross-country GDP we see a progression from two groups (in 1960/1970) to
three (1980 onwards). This result is broadly consistent with the current consensus from univariate mixture
analyses.7 Both the size and relative distance of the GDP clusters in 1960 and 1970 are virtually identical.
As we move toward the end of the century however we see that the `rich' component is condensing, ending
with only the OECD countries and rapidly progressing rightwards. This movement is consistent with the
notion of income divergence documented elsewhere. The dierence in the means of the `rich' and `poor'
clusters expands from just under $14,000 in 1960 to almost $50,000 in 2000.
[Table 1 about here.]
Human capital shows a quite stable picture, always implying two groups whose means are roughly the
same distance apart over time. This is an interesting result since the work of Feyrer (2008) fails to document
signicant clustering in human capital accumulation over time while Henderson et al. (2008) do not nd
bimodality of this distribution until 1990. The bimodal nding obscures the presence of the clustering,
consistent with Pittau et al.'s (2010) evincing argument on the dicultly of claiming clustering based on the
number of `modes' in a distribution. From a strict univariate perspective clustering in human capital does
not appear to be at the root of the perceived income divergence given its relative stability over time.
The distribution of physical capital is marked by frequent movement across the decades, progressing from
2 groups in 1960 to 4 in 2000. Through this transition from 2 groups to 4, it appears that there is a capital
hoarding group (relative to the mean) that is increasing the stock of capital as time passes. Moreover,
consistent with our nding of income divergence we see an increasing disparity in relative means between
the highest and lowest capital clubs, with the gap between them increasing from just under 4,500 in 1960
6We have also selected the number of clusters in both our univariate and multivariate analyses using a variety of additional
criteria such as the Akaike information criterion (AIC) and the modied AIC. Our results are virtually identical in terms of
time changes. We elect to use results stemming from the BIC since the AIC is typically a less parsimonious criteria for selecting
an additional component than is the BIC. These are available upon request.
7Pittau et al. (2010) nd three components over the entire 1960-200 sample. However, they used a larger sample that that
employed here, because due to factors accumulation and to the presence of other variables than GDP we have less observations.
This is one reason which could be driving the dierence in the results.
10to well over 15,000 in 2000. While this similar increase in disparity is intriguing as a cause for the income
divergence previously observed, we cannot establish a formal relationship with the current analysis.8
The distribution of TFP, while showing two groups in 1960 (most likely due to the presence of outliers),
bifurcated at some point in the 1980s. This split, and its timing is consistent with Henderson et al. (2008).
While it appears that the divergence in income had already started in the 1970s, the rapid divergence of the
1980s and 1990s times quite nicely with the split in the distribution of TFP. After the split in the distribution
of TFP the relative means appear stable over time as do the sizes of the components.
Several consistent themes emerge from Table 1. First, for each variable, the upper component contains a
majority of the OECD countries. Second, while each of the four variables came from distributions marked
by two components, by 2000 the four distributions had diering numbers of components. Moreover, we also
see that no Solowian variable displays a similar pattern with the clustering of GDP per worker. Thus, it is
likely that the evolution of these variables are not directly causing the behavior we observe and most likely
feedback eects are present. However, given stability of the components within the distribution of human
capital it would appear that the emergence of a second group in the distribution of TFP at some point in
the 1980s as well as the rapid growth of above average capital in the 4 component solution in the physical
capital distribution are viable arguments for the income divergence that happened between 1960 and 2000.
Noting that the cross country output distribution was already split into two clusters in 1960, it seems that
none of the variables described here would be at the root cause of the twin peakedness.9
Prior to moving on we mention here that neither Feyrer (2008) nor Henderson et al. (2008) nd convincing
evidence of clustering/polarization across either form of capital accumulation. Here we nd clustering and
this could be due to the fact that the modality methods, as Pittau et al. (2010) document, don't necessarily
detect mixing behavior while the Quah type analysis of the individual variable's behavior over time could
miss out on polarization if these movements where more intricately connected to movements in GDP.
4.2.1. Convergence Measures Within Clusters. Before considering our bivariate and multivariate results we
more carefully assess transition and convergence within and across clusters for each of our variables. These
results are summarized in Tables 2 and 3. Studying convergence using the common mean measures within
each of our clubs provides a dierent outlook on the behavior of the clubs. While noticing relatively few
transitions between clubs is a sure sign of polarization, it is also important to learn about the relationship
8Beaudry, Collard & Green (2005) nd in their decomposition of the income distribution over the 1980-2000 period that physical
capital accumulation is a critical factor.
9One or several of these variables could be the underlying factor which caused the GDP distribution to fracture, however, this
would have occurred prior to 1960.
11amongst members of the club. More importantly, by investigating notions of convergence for each of the
Solowian determinants, we can more aptly characterize how these variables behave concomitantly with GDP
per worker.
We begin by focusing on traditional measures of convergence across the decades for each of the clusters
for the distribution of GDP per worker uncovered in Table 1. The results appear in Table 2.10 Using either
measure of -convergence we see that the `rich' club displays mean reversion. Moreover, outside of the last
decade of our sample the variation among income levels is also decreasing in this club. As mentioned in
our discussion of Table 1 the relative positions of the rich and the poor club are increasing over time and,
coupled with the relatively few transitions into the rich `club' we are left with the common notion that
income polarization has been occurring at least since 1980. What is most interesting from this table however
is that our standard measures of convergence fail to nd any uniformity amongst the `poor' club. This
result could be reective of the fact that poor countries, at various stages throughout the period, experience
growth accelerations which eventually zzle out since they are not related to standard determinants of growth
(Hausmann, Pritchett & Rodrik 2005). Given that the majority of these accelerations occur outside of OECD
countries it is no surprise that studying convergence within the `poor' clubs does not produce consensus.
[Table 2 about here.]
These cluster specic results show that clustering is present throughout the 1960-2000 period and the
intensity of not only the clustering, but the polarization varies by decade. There is little movement into
the `rich' cluster while at the same time this cluster is progressing further from the overall mean as time
passes. In addition to this, we see that it is misleading to look at aggregate indices of convergence without
taking into account the fact that the distributions are changing over time and that they are comprised of
subsegments which draws into question the homogeneity of the sample. This lends further support for the
use of mixture analysis prior to assessing convergence across any group of countries.
Next we focus our attention on the behavior of the traditional Solow determinants. To determine how
these variables behave with respect to GDP per worker we assign each of the variables (including GDP per
worker) to clubs based upon GDP clustering in 2000 from Table 1 dened according to the highest posterior
probability of inclusion in a group. For each of the Solowian variables we compute various primitive measures
of convergence.
10Table 1 reports two clusters in 1990. However, our criterion for selecting the number of clubs is almost identical for having
two and three clusters. To more readily characterize our simple measures of convergence we proceed as though there were three
clusters in 1990.
12Table 3 shows these results. In essence this style of analysis attempts to discern the behavior of the
classical determinants of growth if the clustering found in 2000 existed in 1960. This form of study is similar
to that of Feyrer (2008) and Henderson et al. (2008) by focusing attention not only on the evolution of income
per capita over time but also on the factors which are believed to inuence it. Given that it is dicult to
assess convergence inside a given club when membership status is changing, new clubs are emerging and
old clubs are closing, this counterfactual argument allows us to consider traditional notions of convergence
assuming a world that had already polarized by 1960.
[Table 3 about here.]
From Table 3 we immediately notice that the `rich' cluster experiences both absolute and conditional
-convergence as well as  convergence in GDP per worker along with  convergence in both TFP and
human capital. Only physical capital displays -divergence amongst this cluster and this increase is quite
large. The middle cluster displays features almost identical to those of the `rich' cluster. The `poor' cluster
on the hand experiences, to a lesser degree, absolute and conditional -convergence as well as  convergence
but neither form of capital experiences a reduction in variation over the 40 year period. TFP levels are
remarkably less diverse across the `poor' cluster than the `rich' cluster. To summarize, if we benchmark
countries in 1960 based on their 2000 placement we see that the set of `rich' countries experience decreasing
variation over levels of human capital and TFP with large increases in variation in physical capital stocks
whereas the `poor' cluster experiences a much larger decrease in the variation of TFP but a larger disparity
in human capital stocks.
Here, instead of direct assessment of these factors as in Henderson et al. (2008), we focus attention on the
behavior of each of these variables using our club assignments dictated from our mixture density estimates
described earlier. In addition, instead of focusing on modality of the distribution of human capital, we
focus on the classical measures of convergence for human capital for the countries of each cluster. Tests of
modality are quite limited in explaining the behavior of one variable in response to another. This is because
the univariate tests do not recognize the location of a variable within a density. Here, since we are a priori
placing our canonical variables in a specic group, our convergence measures aord us more information.
The general theme from the foregoing discussion is that if we focus on the various forms of convergence
behavior for the Solowian determinants with group membership based exclusively on group memberships
from GDP we see that broadly speaking, there is within-clusters convergence, for TFP across all the clusters
while human capital only appears to display reduced variation within the `richer' clubs and physical capital
13does not indicate -convergence for any of the groups. However, as we will show momentarily, these types
of groupings are ad hoc since what matters is not so much groupings based along GDP lines singularly, but
on the collection of these variables.
4.3. Bivariate Results. While our univariate results suggest that the distributions of output per worker
and the corresponding Solow determinants are all indicative of segmented processes, the impact that one has
on the other cannot be completely understood in a univariate analysis. To more clearly grasp the evolution
of the `Solow' model over time we employ bivariate and multivariate mixture models to determine if distinct
clusters emerge across all (or some) variables considered.
Prior to conducting a full scale multivariate mixture analysis, which may raise issues about computational
feasibility, we focus our attention on the bivariate results between GDP per worker and each of the Solowian
variables. This exercise is useful for several reasons. Firstly, we want to assess individual cluster characteris-
tics and determine if they spread out or collapse over time (do the groups become closer or not with respect
to the multivariate means). Secondly, we look inside these clusters in order to see how individual Solowian
determinant changes are related to GDP changes over time. Finally, we want to see if there is movement
across clusters over time.
We proceed by determining the presence of clusters within the bivariate densities given by GDP and its
determinants in 1960-2000. The assessment of transitions across clusters over time is not always immediate
because it may not happen the same number of components exists in each decade. In order to document
the number of transitions that occurred but not place constraints on the number of clusters to be the same
across each decade, we check transitions among the `rich' and `poor' clubs in terms of GDP.11 This marks
a rst insight useful to understand how and when the relationship between factors of production changed
with respect to income.
Tables 4, 5 and 6 and Figures 1, 2 and 3 show the main characteristics of our bivariate clustering analysis
for human capital, physical capital and TFP, respectively. The ellipses shown are the multivariate analogs
of the standard deviations for each mixture component (in a univariate setting). When ellipses contain
overlapping or partially overlapping areas this is indicative that the individual clusters are not completely
separated; similar to the appearance of a `shoulder' in univariate settings. What cannot be assessed directly
from the tables but is easily recognizable from the gures is the orientation and volume of the clusters. Each
decadal row in the tables documents the mean characteristics of the subsamples over time, together with the
relative distance between the cluster means to the sample mean and the number of transitions between the
11This is possible since we always nd two groups for each relationship in each decade.
14`rich' and `poor' clusters (which is a na ve measure of polarization). Admittedly this is a very strict form
of transitioning and one the obscures slower movements through the distribution. In addition to this sort
of `hard' transition, we also document if a country is moving among clusters in such a way that its relative
position with respect to the overall mean of GDP has changed as well as documenting the total number of
changes between clusters when the number of clusters is identical for two consecutive decades.
The mixture analysis of the joint density of GDP and human capital is presented in Table 4 and Figure
1. For the whole period we obtain well separated clusters. The results show that in 1960, two-thirds of
the countries agglomerated in a high HC/high GDP cluster. From 1970 onward, the number of countries in
the `rich' group becomes smaller as very few countries transition into this club. The mixture analysis also
documents a joint divergence amongst the `rich' and 'poor' club that was not detectable in the univariate
results for human capital. The relative distance of average human capital for the `rich' club in 2000 is
more than double the distance in 1960. Given the lack of transitions into the `rich' club after 1980 we can
suggestively argue that in this setting polarization is occurring. The behavior of GDP per worker in this
analysis is consistent with earlier univariate results. From Figure 1 we see that each of the clusters have
a positive orientation. What is interesting however is that the volume of the clusters changes considerably
over time. The volume of the `rich' group is roughly 10 times that of the `poor' cluster in 1960 whereas by
1990 (and 2000) the volumes are virtually identical. This is consistent with the previous ndings found in
Table 3.
[Table 4 about here.]
[Figure 1 about here.]
Table 5 presents the cluster analysis for the joint distribution of physical capital and GDP per worker.
Unlike our human capital/GDP bivariate results, this density displays three distinct clusters from 1960 to
1980 upon which a further split yields four clusters in 1990 and 2000. The rich cluster appears to take up at
least one third of the sample in all decades (more than half in the earlier decades) and is composed of high
output and high capital on average. The relative distance results suggest that the average level of physical
capital in the rich group is increasing over time. Moreover, few net transitions into this `rich' club exists.
Overall this suggests that the bivariate clusters are polarizing over time.
The experience of 1990 is interesting. At the start of the decade there were three below average (in terms
of physical capital) clusters which comprised two thirds of our sample. By the end of the decade two above
average clusters existed which made up roughly half of the sample. It appears that the `rich' club segmented
15in two with several other members from the bottom joining in. However, this second `rich' club did not
experience an increase in average output with respect to the leader group, as relative GDP distance was
negative. The analysis of the separation among clusters shows us that this process for PC-GDP is slower with
respect to the bivariate density HC-GDP and we also see that in 2000, the two lowest areas are overlapping.
The distance of the observations, with respect to the center of each cluster, is greater for the richer countries
and the orientation is decreasing. We see how `hard' transitions do not occur and the number of overall
changes show a net ux of countries passing under the median. Additionally, the `rich' cluster is the largest
amongst the three bivariate distributions under study.
[Table 5 about here.]
[Figure 2 about here.]
Finally, our bivariate mixture analysis of the density of TFP-GDP is presented in Table 6 and Figure 3. A
common theme from this table, consistent with the other two bivariate analyses is the dearth of transitions
from the `rich' club to the `poor' club. Further, while our univariate results suggested that TFP started out
as a homogeneous population and split at some point in the 1980s, our bivariate results show that when
considered along side GDP there there are three segments from 1960-1980 and two in 1999/2000 (we ignore
the `fourth' (third) segment in 1960 (1990) composed of three countries).
The orientation of the clusters is positive across time except for 1980 where it appears that the orientation
is perpendicular implying some sort of transformation regarding the way that TFP impacted GDP. This could
also underscore the univariate result documenting the change from one group to two for the TFP distribution.
The relative average distance of the `rich' club over time is increasing, though much more slowly than for
either capital/GDP relationship, suggesting a mildly evolving disparity amongst the clubs. The progression
of the bivariate results is broadly consistent with the univariate story of TFP becoming twin-peaked over
time and driving the increased divergence in per capita income. In the end we are left with a high income
high TFP component and a low income, low TFP component (which follows the HC-GDP time pattern).
We also observe a large number of transitions from 1980 to 2000. Focusing on the elliptic areas ,we see that
prior to 1990, there was not complete separation amongst the clusters, while fully separation was achieved
beginning in 1990. Our bivariate results are consistent with both the insights of the technological explanation
of Zeira (2007) and Azariadis & Drazen (1990). In the latter work we observe discontinuities in the aggregate
production function in the sense that the steady-state behavior of a given economy depends on whether its
16initial capital stock is above or below this threshold. We see that over a given threshold of physical (and
human) capital, returns change in a nonlinear way.
[Table 6 about here.]
[Figure 3 about here.]
4.4. Multivariate results. Finally, we analyze the joint behavior over time of GDP and all its Solowian
determinants for our sample. While presenting results for multivariate clustering is dicult when considering
more than two variables simultaneously, to further illustrate the insights provided by multivariate clustering
and the robustness of the polarization of the joint distribution of GDP per worker and the Solow determinants,
we can provide two-fold plots that show how any set of variables are clustered together. An example of this
is provided in Figure 4.
[Figure 4 about here.]
Figure 4 plots bivariate results based on a full cluster analysis for the four-variate distribution. We see that
progressing from 1960 to 2000 there is polarization between GDP and each determinant, which conrms both
the univariate and the bivariate results presented earlier. These results suggest a world of haves and have-nots
not just in income per capita (or worker) but also in education, total factor productivity and physical capital
accumulation. The rst observation we may draw is that leaving aside clusters which evidently occur due
to outliers, there are two clusters in both 1960 and 2000. The elliptic areas were overlapping in 1960 while
they are completely separated in 2000, a separation pattern that characterizes each bivariate relationship,
especially TFP-GDP, that were overlapped until 1980.
In addition to this nding, if we interpret these relationships as depicting production functions based on
country characteristics, we see that while the relationship is usually steeper for the lower clusters in Figure
4(f) (GDP versus physical capital), the opposite happens in Figures 4(d) and 4(e) (GDP versus either TFP
or human capital).12 Furthermore, if we look at the orientation of the clusters over time we notice that
the slopes of human capital and total factor productivity (with respect to output per capita) for the `rich'
clusters are steeper than the `poor' clusters, suggesting greater returns within the production function.
Continuing with this theme of polarization occurring across the spectrum of our variables, Table 7 presents
the relative means of each of our variables with respect to the global means. Leaving aside the clusters with
relatively little weight, we see that there are two main groups, one for which all of the variables are, on
average larger than the overall mean and one for which all of the variables are on average smaller than the
12Note that the axes are inverted in the gures.
17overall mean. We also see that the distances for the variables as well as the overall size of the `rich' group has
changed over time. In 1960 roughly 60% of the countries were in the rich segment whereas by 2000 this had
shrunk to just over 45%. Additionally, the distance between average human capital in the `rich' cluster to
the overall mean has remained relatively stable while the same measurement for physical capital has grown.
[Table 7 about here.]
Taking a closer look at the occurrence of transitions and the cluster sizes, the four-variate density follows
the pattern of the HC-GDP distribution for the rst two decades. There is a large movement of countries
towards the poorest part of distribution (in term of GDP). After 1980 it appears that movements more closely
mimic the patterns witness in the PC-GDP distribution. Thus, it appears that there are at least two separate
`events' occurring over the 1960-2000 period leading to countries shifting within the joint distribution.
Table 8 shows country transitions over clusters between 1960 and 2000 for the multivariate mixture
analysis.13 The numbers in each cell represent the probability of remaining in a cluster whose GDP mean
is greater than the whole GDP distribution mean for a given decade. In essence a value of 1 implies that
a country appears in a rich cluster while a zero means that a country does not appear in a rich cluster
in a given decade. The clusters we use for this analysis are the clusters dened as Rich in the Rich/Poor
transition analysis of Table 7.
[Table 8 about here.]
As we see, the separation of our distinct cluster stabilizes over time, while the poorest group of countries,
comprised mainly of sub-Saharan African nations, and the richest group of countries, comprised of developed
nations, display almost no movement over time. The bulk of the transitions between clusters occurs amongst
Latin American and Caribbean nations. The multivariate mixture framework separates countries in an
intuitive manner with the clusters containing meaningful sets of countries which remain constant across the
decades.14
Given the multivariate nature of the construction of these clusters these results suggest something more
complex that income divergence. It points to something deeper that is causing an entire shift in the main
resources that promote output. This implies that the clusters are diverging not only over income but also
over our three additional variables. One interpretation of this result is that for less developed countries,
returns from either TFP of human capital accumulation do not materialize to the same degree than physical
capital accumulation does but that without contributions from TFP and human capital, an economy cannot
13Our univariate and bivariate results give similar clusters. These results are available upon request.
14This is in contrast to several mixture regression approaches where the clustering of countries does not follow intuition.
18grow the way that it does once these returns from TFP and human capital are realized. It is exactly
this type of result that is obscured with a univariate bent. The multivariate mixture analysis allows us
to explore patterns in the data that univariate modality tests lack the clarity to tease out from the data,
mixture regression models subsume to means and Markov transition analysis cannot yet incorporate into a
full edged study.
5. Conclusions
This work aimed to make an assessment of the potential polarization of the joint distribution of output
and its Solowian determinants over the period 1960-2000. Rather than focus on the individual behavior
of each of these components we deployed multivariate mixture models. This type of analysis allowed us
to consider the behavior of this joint distribution directly as opposed to previous studies that focus on
individual variables. By focusing on the overall distribution new insights were generated that could only
be alluded to with the univariate research which previously attempted to document twin-peakedness for
various production components. Our results here underscore the importance of investigating clustering and
twin-peakedness from a multivariate perspective.
The methods used in this study are the natural generalization of the mixture models that have now
become a common tool in the growth empiricist's toolbox. However, these methods dier in their focus.
While other studies pay particular attention either to the distribution of output exclusively, or to modeling
heterogeneity in the returns to capital in a standard growth regression, neither sheds light on the underlying
relationship between twin-peakedness in cross country output discovered by Quah and additional variables.
Here, our work attempts to determine if the twin-peakedness in cross-country output remains when we
consider the joint distribution. The appeal of this line of reasoning is that it combines studies that are
interested in modeling heterogeneity along with studies that are interested in similar phenomena occurring
with the Solowian determinants.
Our ndings suggest that each of cross country output, physical capital per capita, human capital per
capita and total factor productivity are marked individually by heterogeneity and dierent patterns of
clustering over time. This immediately suggests that it is dicult to conceive of a singular action that has
generated the now common twin-peakedness in cross country output. When we consider bivariate modeling
of output and each of the Solowian factors we continue to witness heterogeneity and apparent polarization.
The implication here is that the underlying split in output over time may be more complicated than previous
research using univariate methods suggests.
19The multivariate mixture analysis shows that the situation is more structural, nding evidence of clustering
over the whole 1960-2000 period. While the number of clusters is equal at the beginning and end of the
period (ignoring the few observations classied as outliers) the dynamics show that polarization worked
strongly, mainly driven by human capital divergent accumulation for rich countries15 in the earlier half of
our sample. On the other hand, physical capital accumulation had a larger spread relative to the mean of
the distribution, for both rich and poor countries, especially after 1970.
One thing that we see broadly from our univariate, bivariate and multivariate results is that the perception
of polarization amongst countries over the last half of the 21st century runs much deeper than just income. We
see that the essential tools for growth in a Solowian sense seem to suggest polarization across all dimensions.
This is concerning but it also highlights arguments towards institutions and geography playing a key role in
production since these variables may allow countries to obtain membership in these clubs; here we see that
club membership goes beyond simply output.
15This is consistent with the nding of Maasoumi et al. (2007) that human capital mattered for OECD nations but not for
those countries outside of the OECD.
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22Appendix A. Data Construction
We include only those countries for which investment, capital stock, human capital, population, and
output data exist for each decadal year we investigate. The construction of the capital stock series uses the
perpetual inventory method. We rst retrieve real aggregate investment as It = RGDPLt POPt kt, where
RGDPL is real income per capita constructed using the Laspeyres method, POP is the total population of
the country, and kt is the investment share of total output (kt = It=Yt). The capital stock at time t is then
calculated as
(6) Kt = It + (1   )Kt1;
where  is the depreciation rate, set at 0.07 as in Easterly & Levine (2001). An outstanding issue on the
construction of capital stocks is the calculation of the initial stock of capital, K0. We follow Feyrer (2008)
and Henderson et al. (2008) and create the initial stock of capital for each country as K0 = I0
g+, where I0
is the value of our constructed investment series in the rst year it is available and g is the average of the
yearly geometric growth rates of the investment series between the rst available year and 1960. Then we
use this procedure to build stock of capital for every year among 1960 and 2000 and pick the ve dates we
employed in the paper.
Human capital stocks are constructed following Hall & Jones (1999), using a piecewise linear representa-
tion. We begin by assuming that the human capital production function takes on a Mincer form
(7) hit = e(sit);
where (sit) is an increasing function that is assumed to be piecewise linear with decreasing returns to scale.
The coecients are taken from Psacharopoulos (1994), which surveys the literature on returns to schooling.
The choice of coecients follows Feyrer (2008). For years of schooling less than four, the return to schooling
in sub-Saharan Africa, 13.4 percent, is used. For schooling from four to eight years the world average return
to schooling, 10.1 percent, is used. For schooling beyond 8 years the OECD return to schooling, 6.8 percent,
is used. Data on schooling attainment is taken from Barro & Lee (2010). We took stock values of this
variable in the time points we run the estimations (i.e. 1960, 1970, 1980, 1990, 2000).
The construction of physical capital and human capital variables did not require a specic form for the
production function. In order to calculate the productivity residual certain assumptions on the structure of
production need to be made. Here we follow Feyrer (2008) and assume that the production function takes
23the standard Cobb-Douglas form with physical capital, human capital, and productivity as inputs.
(8) yit = k
it(Aithit)1 
where yit is output, kit is capital per worker, hit is human capital per worker,and Ait represents productivity.






This measure is, of course, a residual and includes any factor that inuences output that is not captured by
either schooling and physical capital.
The list of the countries used is: Argentina, Australia, Austria, Belgium, Bolivia, Brazil, Barbados,
Canada, Switzerland, Chile, Cameroon, Colombia, Costa Rica, Denmark, Dominican Republic, Algeria,
Ecuador, Spain, Finland, France, Ghana, Greece, Guatemala, Hong Kong, Honduras, Indonesia, India, Ire-
land, Iran, Iceland, Israel, Italy, Jamaica, Jordan, Japan, Kenya, Sri Lanka, Lesotho, Mexico, Mali, Mozam-
bique, Mauritius, Malawi, Malaysia, Niger, Nicaragua, Netherlands, Norway, Nepal, New Zealand, Pakistan,
Panama, Peru, Philippines, Portugal, Paraguay, Romania, Senegal, Singapore, El Salvador, Sweden, Syria,
Togo, Thailand, Trinidad & Tobago, Turkey, Uganda, Uruguay, United Kingdom, United States, Venezuela,
South Africa, Zambia, Zimbabwe.
Appendix B. Robustness check: Pooling the cross sections
Finally, we test an alternative that combines all n*T observations together to see how this inuences the
clusters over time. It means that we have 370 observations and more clusters.16 We have to distinguish if
the clusters is only due to time shift of the distribution but for instance the poor stay poor.17 The reason is
that here we may observe if time transition are the same of our one-decade solutions. We pick a six segments
solution and Table 9 shows the characteristics of these groups.
[Table 9 about here.]
Looking inside the recipients we see again three big groups with clusters 5 and 6 containing mainly sub
Saharan African countries, clusters 1 and 2, OECD and transitions in 3 and 4. Time perspective shows
us the catching up. For instance Indonesia is in group 6 in 1960, 5 in 1970 and ends in 4 in 2000 while
16This is a test to assess time transitions, given that alternative checks as McNicholas & Murphy (2010) hold only for one
variable and Markov switching models would need a much higher number of time observations.
17This is suggestive that if we have two clusters, the rst one being on the left hand side and it has the same countries in 1960
of the second, that is closer group but in 2000 then they represent simply one group.
24Uganda is always in 6. On average the threshold to jump in the middle (4 and 3) represents a sustained
growth in physical capital endowment and TFP, while there are two thresholds of human capital to arrive
in group 3 and then in group 1. Once again it suggests us that nonlinearities in productive factors returns
and accumulation played a crucial and asymmetric role in determination of clusters and in their positions
over time.
25Figure 1. Bivariate mixture analysis for GDP per worker and Human Capital Accumulation.










































































































































































26Figure 2. Bivariate mixture analysis for GDP per worker and Capital Accumulation.










































































































































































27Figure 3. Bivariate mixture analysis for GDP per worker and Total Factor Productivity.










































































































































































28Figure 4. Multivariate mixture analysis for GDP per worker and Solow Determinants.
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(f) 2000, K & GDP
29Table 1. GDP and Solowian variables cluster compositions over time.
GDP Human Capital Physical Capital TFP
1960 2 2 2 2
# Countries 44-30 46-28 41-33 2-72
Relative Means (42.4%, -62.9%) (15.8%, -25.2%) (58.5%, -80.9%) (217.5%, -0.06%)
1970 2 2 3 1
# Countries 44-30 20-54 32-26-16 74
Relative Means (47.3%, -68.0%) (40.0%, -15.4%) (78.9%, -65.9%, -94.1%) (0%)
1980 3 2 2 1
# Countries 30-29-15 24-50 45-29 74
Relative Means (74.7%, -35.7%, -83.2%) (34.3%, -16.7%) (51.8%, -79.3%) (0%)
1990 2 2 4 2
# Countries 25-49 28-48 27-11-23-13 34-40
Relative Means (97.8%, -48.7%) (29.1%, -17.9%) (117.0%, -22.4%, -69.9%, -94.0%) (46.4%, -40.3%)
2000 3 2 4 2
# Countries 22-12-40 36-38 26-17-20-11 33-41





























































































































































































































































































































































































































































































































































31Table 3. Convergence measures across variables based on country membership of GDP per















GDP -0.09 -0.58 -0.88

2
HumanCapital 1.81 -0.20 -0.38

2
PhysicalCapital 0.36 0.63 1.82

2
TFP -0.64 -0.60 -0.19
;
 ;
 Indicate signicant values at the 90, 95, and 99% level, respectively.
32Table 4. Bivariate relationship GDP-HC over time.
Group I Group II Group III
1960
HC mean 1.87 1.22
HC distance relative from mean 12.8% -26.4%
GDP mean 17141.2 5419.9
GDP distance relative from mean 28.8% -59.3%
Weight 66.9% 33.1%
1970
HC mean 2.29 1.43
HC distance relative from mean 30.9% -18.3%
GDP mean 34871.3 9744.7






HC mean 2.35 2.26 1.58
HC distance relative from mean 22.4% 17.7% -17.7%
GDP mean 48129.7 33283.7 9694.5
GDP distance relative from mean 107.2% 43.3% -58.3%




HC mean 2.68 1.79
HC distance relative from mean 28.6% -14.1%
GDP mean 48651.04 12637.51





HC mean 2.81 1.95
HC distance relative from mean 25.4% -13.0%
GDP mean 58589.96 13679.65





Notes: Rich/Poor documents the aggregate number of countries that exchanged across the lowest (in terms of GDP) and highest (in
terms of GDP) clusters. Over/Under documents the aggregate number of countries that migrated between clusters where the two
groups lied on opposite sides of the overall mean GDP level. Total is the aggregate number of exchanges between clusters regardless of
position when the number of clusters is constant for (at least) two consecutive decades.
33Table 5. Bivariate relationship GDP-PC over time.
Group I Group II Group III Group IV
1960
PC mean 4855.07 1009.01 246.29
PC distance relative from mean 62.9% -66.1% -91.7%
GDP mean 19889.75 7542.36 2779.84
GDP distance relative from mean 49.4% -43.3% -79.1%
Weight 56.03% 19.82% 24.15%
1970
PC mean 8080.2 1675.8 314.0
PC distance relative from mean 73.7% -64.0% -93.3%
GDP mean 30599.45 9899.17 3383.85
GDP distance relative from mean 60.4% -48.1% -82.3%





PC mean 9523.0 2074.5 525.8
PC distance relative from mean 64.7% -64.1% -90.9%
GDP mean 35752.5 12262.9 3808.2
GDP distance relative from mean 53.9% -47.2% -83.6%





PC mean 12381.1 3728.6 1411.7 346.2
PC distance relative from mean 121.7% -33.2% -74.7% -93.8%
GDP mean 47919.1 20469.2 10278.5 3354.4
GDP distance relative from mean 94.9% -16.8% -58.2% -86.4%




PC mean 12664.9 9562.0 2149.9 196.1
PC distance relative from mean 83.1% 38.3% -68.9% -97.2%
GDP mean 50690.9 26184.9 12359.8 2632.3
GDP distance relative from mean 75.0% -9.6% -57.3% -90.9%




Notes: Rich/Poor documents the aggregate number of countries that exchanged across the lowest (in terms of GDP) and highest (in
terms of GDP) clusters. Over/Under documents the aggregate number of countries that migrated between clusters where the two
groups lied on opposite sides of the overall mean GDP level. Total is the aggregate number of exchanges between clusters regardless of
position when the number of clusters is constant for (at least) two consecutive decades.
34Table 6. Bivariate relationship GDP-TFP over time.
Group I Group II Group III Group IV
1960
TFP mean 59472.6 20392 15750.6 13310.8
TFP distance relative from mean 228.2% 12.5% -13.1% -26.5%
GDP mean 25124.9 22622.2 9262.8 3295.1
GDP distance relative from mean 88.8% 70.0% -30.4% -75.2%
Weight 2.71% 35.57% 42.73% 18.99%
1970
TFP mean 27054.3 22818.9 16099.1
TFP distance relative from mean 20.8% +1.9% -28.1%
GDP mean 33030.8 14908.1 6822.4
GDP distance relative from mean 73.2% -21.8% -64.2%




TFP mean 33903.8 19436.6 7554.8
TFP distance relative from mean 42.9% -18.1% -68.2%
GDP mean 39256.6 13392.1 3941.1
GDP distance relative from mean 69.0% -42.3% -83.0%





TFP mean 36433.51 45727.08 16712.17
TFP distance relative from mean 50.5% 88.9% -31.0%
GDP mean 49145.45 24300.26 12122.21
GDP distance relative from mean 99.8% -1.2% -50.7%





TFP mean 39744.07 16547.77
TFP distance relative from mean 58.2% -34.1%
GDP mean 56734.65 12665.08




Notes: Rich/Poor documents the aggregate number of countries that exchanged across the lowest (in terms of GDP) and highest (in
terms of GDP) clusters. Over/Under documents the aggregate number of countries that migrated between clusters where the two
groups lied on opposite sides of the overall mean GDP level. Total is the aggregate number of exchanges between clusters regardless of
position when the number of clusters is constant for (at least) two consecutive decades.
35Table 7. Multivariate relationship over time.
Group I Group II Group III Group IV Group V
1960
HC distance relative from mean -27.0% 15.6% -24.2%
PC distance relative from mean -65.4% 43.1% -67.2%
TFP distance relative from mean 288.7% -2.6% -6.2%
GDP distance relative from mean 46.7% 27.5% -46.1%
Weight 1.35% 60.9% 37.75%
1970
HC distance relative from mean 40.3% 24.5% -18.8% -19.7% -15.5%
PC distance relative from mean 110.7% 110.4% 28.1% -0.7% -62.1%
TFP distance relative from mean 16.9% 31.2% 166.3% 23.4% -22.7%
GDP distance relative from mean 78.8% 77.5% 65.6% -7.2% -45.4%




HC distance relative from mean 19.8% -20.6%
PC distance relative from mean 69.7% -72.2%
TFP distance relative from mean 33.6% -34.9%





HC distance relative from mean 30.4% 25.7% -9.7% -14.3%
PC distance relative from mean 114.7% 193.2% -63.1% -61.1%
TFP distance relative from mean 54.7% 32.6% 103.6% -91.0%
GDP distance relative from mean 100.8% 97.2% 5.7% -50.0%




HC distance relative from mean 21.1% -17.8%
PC distance relative from mean 88.4% -74.8%
TFP distance relative from mean 51.5% -43.6%




Notes: Rich/Poor documents the aggregate number of countries that exchanged across the lowest (in terms of GDP) and highest (in
terms of GDP) clusters. Over/Under documents the aggregate number of countries that migrated between clusters where the two
groups lied on opposite sides of the overall mean GDP level. Total is the aggregate number of exchanges between clusters regardless of
position when the number of clusters is constant for (at least) two consecutive decades.
36Table 8. Country transitions over time (Multivariate analysis).
1960 1970 1980 1990 2000 1960 1970 1980 1990 2000
Developed World Latin America/Caribbean
Australia 1 1 1 1 1 Argentina 1 0 1 0 1
Austria 1 1 1 1 1 Bolivia 0.99 0 0.01 0 0
Belgium 0.6 1 1 1 1 Brazil 1 0 0.51 0.12 0
Canada 1 1 1 1 1 Barbados 1 1 1 1 1
Denmark 1 1 1 1 1 Chile 1 0.02 0.44 0 1
Finland 1 1 1 1 1 Colombia 0.46 0 0.07 0 0
France 1 1 1 1 1 Costa Rica 0.01 0 0.37 0 0
Greece 1 1 1 1 1 Dominican Republic 0 0 0 0 0
Ireland 1 1 1 1 1 Ecuador 1 0 1 0 0
Iceland 1 1 1 1 1 El Salvador 0.02 0 0.01 0 0
Italy 1 1 1 1 1 Guatemala 0.17 0 0.10 0 0
Japan 1 1 1 1 1 Honduras 0.18 0 0 0 0
Netherlands 1 1 1 1 1 Jamaica 1 1 0 0 0
New Zealand 1 1 1 0.85 1 Mexico 0.01 0 1 0 0.03
Norway 1 1 1 1 1 Nicaragua 0.32 0 0 0 0
Portugal 0.60 0.99 1 0.01 1 Panama 1 0 0.01 0 0
Romania 1 0 1 0 0.01 Paraguay 0.15 0 0 0 0
Spain 1 1 1 1 1 Peru 1 0 0.01 0 0
Sweden 1 1 1 1 1 Trinidad and Tobago 1 0 1 0 1
Switzerland 1 1 1 1 1 Uruguay 1 0.03 0.56 0 1
United Kingdom 1 1 1 1 1 Venezuela 0 0 1 1 0.95
United States 1 1 1 1 1 Middle East
SubSaharan Africa Algeria 1 1 1 0 0
Cameroon 0 0 0 0 0 Iran 1 0 1 0 0.83
Ghana 0 0 0 0 0 Israel 1 1 1 1 1
Kenya 0.05 0 0 0 0 Jordan 1 0 0.98 0 0.06
Sri Lanka 0.98 0 0 0 0 Syria 0.15 0 0 0 0
Lesotho 0.97 0 0 0 0 Turkey 0.14 0 0 0 0
Mali 0.03 0 0 0 0 Asian
Mozambique 0.03 0 0 0 0 Hong Kong 1 0.02 1 1 1
Mauritius 1 1 0.49 0 1 Indonesia 0.02 0 0 0 0
Malawi 0 0 0 0 0 India 0 0 0 0 0
Malaysia 0.32 0 0 0 0 Nepal 0.17 0 0 0 0
Niger 0.01 0 0 0 0 Pakistan 0 0 0 0 0
Senegal 0 1 0.23 0 0 Philippines 0.99 0 0.01 0 0
South Africa 0 0 1 1 0.99 Singapore 1 1 1 1 1
Togo 0 0 0 0 0 Thailand 0.99 0 0 1 0
Uganda 0.29 0 0 0 0
Zambia 0.07 0 0 0 0
Zimbabwe 0.20 0 0 0 0
Notes: The numbers represent the probability of remaining in a cluster whose GDP mean is greater than the whole GDP distribution
mean. These are clusters dened as Rich in the Rich/Poor transition analysis of Table 7.
37Table 9. Pooled cross sections clusters characteristics
Group I Group II Group III Group IV Group V Group VI
PC mean 10829.2 10590.7 4760.7 1797.3 827.3 193.6
HC mean 2.65 2.02 1.91 1.66 1.48 1.26
TFP mean 32031.3 39350.0 23039.2 18048.0 9673.2 13027.6
GDP mean 42539.0 37602.7 20447.3 11267.6 5504.7 3545.0
Weight 27.3% 15.7% 11.4% 20.5% 14.9% 11.9%
Number of observations 101 58 42 76 55 44
38